The neural network (NN) method is applied to predict the influence of minor additions C, B and Hf on mechanical properties of cast superalloy K44 with heat treatment parameters considered. Furthermore, the influence of minor additions C, B and Hf on phase stability is estimated using d-electrons theory. The results from these two methods indicate that decreasing C content, increasing B content and doping 0.2-0.3 mass% Hf can balance the desired mechanical properties and phase stability in K44 alloy, which also is confirmed experimentally through the relation between mechanical properties and phase stability of base/modified K44 alloys.
Introduction
Nickel based superalloys used for modern gas turbines are continually being developed to increase thrust, operating efficiency and durability. Owing to their excellent high temperature properties, directionally solidified (DS) and single crystal (SC) superalloys are usually used for enhancing the turbine inlet temperature leading to increase of thermal efficiency. However, DS or SC superalloys are difficult to produce and the casting cost is higher, so it is necessary to develop conventionally cast superalloys manufactured by conventional casting technology with properties similar to those of DS and SC superalloys. Nickel based superalloy K44 is developed specifically for the industrial gas turbine applications requiring superior hot corrosion resistance and also a low cost. 1) To obtain the high corrosion resistance, K44 alloy contains 16 mass% Cr and the ratio Al/Ti is about 0.7. To obtain the long operating time, the alloy should have very good phase and structure stability. Besides 7.5 mass% solution strength elements (W, Mo, Nb) and 7.5 mass% precipitation strengthening elements (Al, Ti) added, K44 alloy is doped with some minor additions such as C, B and Hf, which are considered to enhance mainly grain boundary strength. Moreover, the influence of these alloying elements on mechanical properties and phase stability of superalloys has attracted much interest. But a large quantity of experimental data is needed to confirm these effects, and also, these effects are difficult to be specified. Modeling techniques are being developed to predict many properties of new alloys with the aim to reduce the cost and time. Recently, the most popular modeling method used in superalloys is neural network (NN).
Neural network can provide powerful empirical modeling techniques for complex data, which may be non-linear, interdependent, noisy and non-systematic. NN has already been extensively applied in the materials science field for experimental data modelling. 2, 3) One method called Bayesian NN, formulated by Mackay 4, 5) and Neal, 6, 7) has great potential in prediction of many properties in steels and superalloys. [8] [9] [10] Almost all of these works are based on Gaussion approximation framework proposed by Mackay. 4, 5) In this study, the influence of minor additions C, B and Hf on the creep life, tensile strength and elongation of K44 alloy is investigated with Bayesian NN method using Markov chain Monte Carlo (MCMC) approach, which has been used successfully in other alloys. [11] [12] [13] [14] Furthermore, the d-electrons concept has been used successfully in nickel-base superalloys to evaluate the phase stability in the past two decades. [15] [16] [17] So M M d À B B 0 calculations is used to evaluate the influence of C, B and Hf on the phase stability of K44 alloy. Based on the prediction results and experiments, we discuss how to maintain a balance between desired mechanical properties and favorable phase stability.
Neural Network

Brief description of NN training
Neural network is parameterized non-linear model used for empirical regression and classification modeling. Its flexibility enables it to discover more complex relationships in data than traditional statistical models where a linear dependence of the predicted 'output' variable on the given 'input' variables is assumed. One of the NN approaches, the feed-forward back propagation NN is the most common, conventionally trained with gradient descent techniques based on the error-correction learning rule. In this work, the most basic theory is still feed-forward NN (FFNN). Figure 1 shows an example of a neuron with an activation function. Tanh processes non-linear input-output where other types of activation functions are also possible. To evaluate the performance of such a network, the average squared output error (ASE) is used:
Where yð jÞ is output of real data and dð jÞ is network desired or target output value for j th sample.
The most important unresolved problem in practical applications of FFNNs is how to determine the appropriate complexity of the network, which is similar to the problem of choosing the degree of smoothing in nonparametric estimation. Undersmoothing has high ASE and low dataset sensitivity that cannot represent the data well. But overfitting in NNs has poorer generalization consequences than undersmoothing used in most nonparametric estimation methods. So both of them should be avoided in research work. One method called Bayesian NN, formulated by Mackay 4, 5) and Neal, 6, 7) is a potential solution to the above mentioned problem. Buntine, Weigend 18) (1991) and MacKay 4) (1992) have provided frameworks for their Bayesian analysis based on Gaussian approximations and Neal 19) (1992) has applied hybrid Monte Carlo (MC) ideas. The Bayesian school of statistics is based on a view that probability is used to represent uncertainty about the relationship being learned. When applied to NN, it makes network weights be seen as being much less likely but not seemed plausible; while the probability for values of the weights that do fit the data well will have increased. In MC methods for Bayesian NNs, the posterior distribution is represented by a sample of perhaps a few dozen sets of network weights. The sample is obtained by simulating a Markov chain where equilibrium distribution is the posterior distribution for weights and hyper parameters. This technique is known as Markov chain Monte Carlo (MCMC), which has a high probability of being accepted and speeds up the sampling considerably through using of the gradient information provided by a back propagation network to find candidate directions in which posterior distribution changes.
Database
Generally, NN modeling techniques applied to predict material mechanical properties pay attention on the chemical compositions, which is based on the fact that the microstructures of the investigated materials have no much difference. In conventionally cast superalloys, besides chemical composition, some other factors such as 0 precipitates and grain size can influence mechanical properties obviously, so these microstructural parameters should be considered; However, all of the microstructural characteristics, which should be included in NN input parameters, are hard to be specified. In common, grain size, 0 particle size and 0 fraction of a given cast superalloy are directly dependent on heat-treatment, and therefore it is reasonable to regard heattreatment parameters as indirect microstructural input parameters. All of the heat treatment parameters used in this work are similar to those of K44 alloy: solution temperature (T 1 ), holding time (t 1 ), air cool, high temperature aging (T 2 ), holding time (t 2 ), air cool, and low temperature aging (T 3 ), holding time (t 3 ), air cool. Two or more of these parameters can be zero when the alloy has not experienced all of these heat-treatment steps, e.g. an alloy is used at as-cast state, so T 1 , T 2 , T 3 , t 1 , t 2 and t 3 should be zero. Data used in this work are obtained from previous publications and patents. The database for prediction of creep life consists of 300 points of which 220 points are randomly selected to train the network and the remaining data points are reserved to test the trained network. For tensile strength and elongation data preparing, 66 out of total 266 data points are randomly selected without participating in NN training and used to test trained network. The input and output variables of database are list in Table 1 . The range of all input variables is wide enough to consider the modern cast superalloys. Since the values of input or output variables have much difference, they should be normalized or transformed otherwise it will decrease the accuracy of prediction. 20) For example, the range of creep life values spans widely from 13.25 to 20144, and it spans from 0 to 1 after being transformed and normalized. Through this processing, all of the values of input and output variables scatter in the range from 0 to 1, moreover, the input and output variables have a relationship close to linear, which is believed to improve NN performance.
11) Data transformation and normalization techniques are also specified in Table 1 .
Network training and testing
Training is the process where the network's predictions are refined to fit the experimental data. Adjustment includes one or more of the following parameters: priors for network parameters (such as input-hidden weights, hidden biases, hidden-output weights, and output bias), iteration and the number of neurons in the hidden layer of the network. When the NN is trained by MCMC as in this work, the more the iteration, the slower is the convergence speed. So an appropriate iteration needs to be decided to balance the accuracy and speed. Figure 2 shows the relation between absolute error and iteration. It is seen clearly that the error decreases sharply during the early stage of iteration and saturates after about 360 iterations. For accuracy, 420 iterations are performed for all NN training in this study. After training, the initial 140 iterations are discarded and the remaining 280 iterations are used for NN precipitation.
The performance on the training set for all networks is improved with hidden layer size increasing as we expected. In order to obtain the best result, the network is trained for each output individually. Figure 3 shows the variation of average squared error (ASE) in the data as a function of total nodes in the hidden layers. The initial values of the interconnection weights are chosen randomly. Each architecture is trained four times with different parameters. For clear comparison, two times of creep life training, two times of ultimate tensile strength training and one time of tensile elongation training are shown in Fig. 3(a) , (b) and (c) respectively. Moreover, each point is obtained by completing 420 iterations NN training. ASE shows a clear tendency of decrease as the number of hidden node increases in a number range. Choosing the number of hidden node is not very strict as long as it can extract the maximum information from the data.
11) Here we pay attention on the following points: the ASEs of training and test data are very close and ASE is very close to its minimum value. After evaluated with training and test cases, the architectures for prediction are shown in Table 2 . The level of agreement achieved in both the training Heat-treatment parameters value respectively.) and test set is shown in Fig. 4 , accompanied by error bars in test set. Deviations in the test data measure how well the models are defined for that given sets of input variables. In this study, MCC (Multiple correlation coefficient) between the predicted and real data in test sets is in the rage of 0.886-0.972, indicating that these models are reasonably accurate.
Predicted Results and Discussion
The composition of K44 alloy that represents modern hot corrosion resistance superalloys is as following (in mass%): Cr15.27, Co10.48, W5.13, Mo2.08, Al3.10, Ti4.40, Nb0.19, C, B and Hf variable, Ni balance. In this study, the based composition (K44T) are C0.1, B0.02 and Hf0, and heat treatment parameters T 1 , T 2 , T 3 , t 1 , t 2 and t 3 (defined in section 2.2) are set as 1443, 1323, 1123 K, 4, 4, and 16 h, respectively. To balance the favorable mechanical properties and phase stability of corrosion resistant superalloy, the effect of minor additions C, B and Hf is researched.
Variation of creep life
Variation of predicted values of creep life with element weight fraction is illustrated in Fig. 5 (as thick lines shown, with thin lines (K44-1) to verify the predicted results). To observe the effect of each element, all other input variables are kept constant. The creep temperature/stress are set to as 1173 K/250 MPa, and the contents of C, B and Hf are varied in mass% 0.05-0.18, 0.01-0.12 and 0-0.5, respectively. As shown in Fig. 5 , the creep rupture life increases with Hf content increasing, while it decreases obviously at early stage and then shows a tendency to saturate with C and B content increasing.
Variations of tensile strength and elongation
Element weight fraction dependence of predicted values of ultimate tensile strength and elongation at 1123 K are shown in Fig. 6 . It is observed that the strength is maximum and invariable in the Hf content of 0.15-0.5 mass%. Moreover, the strength decreases with C content increasing, while increases with B increasing. The effects of C, B and Hf on elongation show the same tendency, and they all show a minimum value with their content increasing in certain content ranges. In particular, tensile elongation shows minimum invariable in the Hf content range of 0.4-0.6 mass%.
Variations of
M M d Hot corrosion resistant alloy K44 is designed for longterm service, so the phase stability is important. D-electrons concept, which is devised on the basis of the molecular orbital calculations of electronic structures, 21) is applied to evaluate the effect of C, B and Hf on the phase stability. In this method, the parameter M M d is introduced and defined as an average energy level above the Fermi level of ''d'' orbitals in transition elements, representing phase stability and corrosion resistance. Furthermore, M M d is introduced as average d-orbital energy of matrix in the same way, with the composition calculated by subtracting away the normal precipitation phases (carbides, borides, 0 ) from the total composition. They are determined by the following formulae:
In these two formulae, x i is the atomic fraction of element i in the alloy; ðM d Þ i is the M d of element i. The value of M M d is generally used to predict the tendency of phase formation. The influence of C, B and Hf on the mechanical properties and phase stability is summarized in Table 3 . P/N represents positive/negative effect with element doped increasing in a certain content range. In fact, mechanical properties and phase stability need to be balance in the application of superalloys. According to Table 3 , it can be found that decreasing C, increasing B and doping about 0.2 Hf are effective to balance the favorable mechanical properties and phase stability of K44 alloy.
Mechanical Properties and Phase Stability of Experimental Alloys
Experimental
Recently developed base/modified superalloy K44 in China is used. For comparison purpose, one of the compositions named K44-1 and its base composition K44T are chosen. K44-1 alloy is modified from K44T with adjusting the small addition of C, B and Hf. The compositions of K44T and K44-1, in weight percent, are shown in Table 4 , the balance being Ni. These two compositions are all presented in Figs. 4-7 to verify the predicted results. These two alloys were produced in the vacuum furnace and cast into round Table 4 Compositions of K44T and K44-1 alloys in weight fraction with balance being nickel. bars of 16 mm diameter and 130 mm length. Then the bars were heat treated as follows: 1443 K, 4 h, A.C. þ1323 K, 4 h, A.C. þ1123 K, 16 h, A.C. The constant load tensile creep, long-term aging and tensile tests were all conducted in air. Metallographic examination was made on the crosssection of the creep specimens. The TEM foils were first ground using silicon carbide papers, and then prepared by conventional jet polishing in a solution of 10 vol% perchloric acid, 2 vol% distilled water, 88 vol% methanol and finally observed in a Philips TEM 420 transmission electron microscope operating at 120 kV.
Results and discussion
As above mentioned, the K44-1 alloy, which is improved from the K44T alloy with adjusted content of elements C, B and Hf, should possess better mechanical properties, so tensile and creep tests have been performed on both K44T and K44-1 alloys to test it. Tensile tests have been performed in the temperature range of RT (293 K) to 1253 K, and the tensile results are presented in Fig. 8 . These alloys are designed to use at temperature of up to 1173 K, so the mechanical properties around 1173 K are noticed. It is seen from Fig. 8 that the observed mean value of U.T.S (Ultimate Tensile Strength) of K44-1 alloy is much higher than that of K44T alloy at RT, while the observed mean elongations are very close. Moreover, both the observed mean U.T.S and EL (elongation) of K44-1 alloy are higher than that of K44T around 1173 K. Creep rupture properties of both K44-1 and K44T alloys are shown in Table 5 . The rupture life of K44-1 alloy is longer than that of K44T alloy around 1173 K. The effects of service exposure on microstructure and related mechanical properties are very important for turbine used materials. For checking the deterioration of long-term aged properties, the tensile test results of both K44-1 and K44T at RT and 1173 K are also synthesized in Table 5 . The tensile test results of long-term aged specimens show that the tensile properties of K44-1 alloy are better and the property deterioration is not obvious with the aging time increasing.
So it is believed that the mechanical properties of K44-1 alloy are better than that of K44T alloy with adjusting minor additions C, B and Hf.
To understand different creep behaviour of these alloys, the fracture surfaces were observed by SEM equipped with energy dispersive spectrometer (EDS). As is well known, minor additions C, B and Hf are main grain-boundary strengthening elements. The effects of C addition on different alloys are different as they all contain multi-component. Specimens of these two alloys all exhibit interdendritic fracture character, as shown in Fig. 9 , but they exhibit different crack types. Due to the grain boundaries being strengthened, in K44-1 alloy, the cracks originate at the interface between matrix and M 6 C-type carbides which locate at the edge of eutectic [ Fig. 9(b) ], whereas in K44T alloy the cracks originate both in blocky MC-type carbide and at the interface between matrix and MC-type carbides [ Fig. 9(a) ]. Furthermore, MC carbides of K44-1 alloy are smaller than that of K44T alloy obviously, and there are smaller M 6 C particles presented in K44-1 alloy. It is reported in references 23, 24) that minor addition of Hf can adjust the carbides shape and distribution. Element Hf doped in K44-1 alloy makes the big blocky MC carbides into small blocky ones. Moreover, it is also thought that decreasing C content is beneficial to getting smaller dispersed carbides, which further strength alloy. Grain boundaries of these two alloys are shown in Fig. 10 . K44-1 alloy exhibits thinner grain boundary, chain like carbides and some fine borides [ Fig. 10(b) ], while blocky carbides and irregular 0 precipitations present in K44T alloy. In K44-1 alloy, the shape of boundary, which is beneficial to elongation and strength, attributes to the adjustment of minor additions C, B and Hf.
Long-time aging tests are used to examine phase stability. Figure 11 shows the optical microstructures of (a) K44T alloy and (b) K44-1 alloy after exposure for 3000 h at 1173 K. It is seen that after long-time ageing, the interdendritic 0 particles of these alloys grow and become spherical-like, and more chain-like carbides appear. In these alloys, after longtime exposure, some MC type carbides decomposed into M 23 C 6 carbide by the reaction MC þ ! M 23 C 6 þ 0 which is identified by EDS analysis. Furthermore, there are minor needle-like phases appear at dendritic in K44-1 alloy while they do not appear in K44T alloy at the aging temperature of 1123 K and aging time of up to 3000 h. The relations between minor additions and TCP formation are really complicated, whereas Kong and Chen 25) propose that the doped element Hf will promote the TCP formation and the distribution of M 23 C 6 also give a significant influence. It is well known that the TCP phase can deplete the strengthening elements in matrix and can cause crack initiation. However, the TCP phase can act as barrier for moving dislocations, when few TCP phases appear in alloy. 26) Although phases appear in K44-1 alloy, with minor amount and small size, they cannot influence the mechanical properties obviously (Table 5 ). So the composition of K44-1 meets the demand of desired mechanical properties and favorable phase stability. It is further confirmed that the predicted effect of minor additions C, B and Hf on mechanical properties is helpful in designing of modern hot corrosion resistant superalloys. properties of K44T and K44-1 alloys that are different only in C, B and Hf content, and K44-1 alloy exhibits balance between favorable phase stability and desired mechanical properties.
Conclusion
